ABSTRACT Rolling bearings' operation under variable speed conditions exhibits complex time-varying modulations and spectral structures, resulting in difficulty in the fault diagnosis. In order to effectively remove the influence of the rotational speed and extract the fault characteristics, this paper develops a fault diagnosis scheme based on the Vold-Kalman filter (VKF), refined composite multi-scale fuzzy entropy (RCMFE), and Laplacian score (LS). In the proposed method, the VKF is first adopted to remove the fault-unrelated components and give a clear representation of the fault symptoms. Second, the RCMFE is applied to extract fault features from the denoised vibration signal. Third, the LS approach is introduced to refine the fault features by sorting the scale factors. In the end, the selected features are fed into the logistic regression to automatically complete the fault pattern identifications. The proposed method is experimentally demonstrated to be able to recognize the localized defect on the inner race, outer race, and rolling element under variable speed conditions. 
INDEX TERMS
Rolling bearings are one of the most critical components of rotary machines. Owing to the importance of bearings in rotating machinery, increasing number of researchers have focused on bearing fault diagnosis [1] - [3] . Many efforts have been made to promote the development of bearing fault diagnosis, such as dynamic modeling [4] , [5] , condition monitoring [6] , [7] , and fault characteristics extraction methods [8] - [14] . However, these discussions are limited to the stationary analysis. In the practice,rolling bearing often operates under non-stationary conditions due to the changing speeds, for example, bearing in the wind turbines [15] , planetary gearbox [16] , [17] , etc. Existing methods for processing the vibration signals under stationary conditions are not suitable for analyzing the ones under non-stationary conditions [18] - [20] . When rolling bearing runs under non-stationary condition, the measured vibration signal exhibits time-variant magnitudes and characteristic frequencies, resulting in difficulty in identifying the fault frequencies [21] . Therefore,it is essential to develop an effective method to solve the problem of condition monitoring and fault diagnosis of rolling bearings under variable speed condition.
Many researchers have applied the advanced signal processing methods to find fault characteristic frequency of rolling bearings under variable speed operating conditions [18] , [21] - [24] . Feng et al. [18] proposed a method combining time-varying amplitude with frequency demodulated spectra to find the time-varying fault characteristic frequency of rolling bearing. Xue et al. [22] mixed insensitive relative residual features with non-dimensional features to detect the degradation trend of bearings. Wang et al. [21] utilized the computed order tracking (COT) to resample the non-stationary vibration signal into the angular domain, and then variational mode decomposition (VMD) was used to detect the fault frequency. Zhao et al. [23] proposed a tacholess order tracking (TLOT) to obtain the tachometer information, and adopted envelope order spectrum (EOS) to find the fault characteristic frequency. Ming et al. [24] transformed the temporal envelope signal to the angular domain by the computed order tracking (COT), and extracted the fault feature on the squared envelope spectrum. However, the main limitation among these methods is that the fault diagnosis heavily depends on the expertise of the investigators. That will encounter difficulty for common users to accomplish the diagnosis. Therefore, the fault features combined with fault classification methods become an effective way to solve the problem.
Recently, resampling angular (RA) technique is used to analyze the vibration signal under variable speed conditions, and combine with the classifier to achieve the fault pattern identification [25] . However, the vibration signal processed by RA method is still the non-stationary vibration signal, and the fault-unrelated components cannot be removed. Because equal-angle sampling procedure of RA can only help remove the frequency modulation caused by speed fluctuation, the amplitude modulation induced by variable speed cannot be eliminated. In other words, the angular resampled signal only keeps stationary property in frequency aspect, while the amplitude of the angular resampled signal is still non-stationary. This would cause the extracted fault features insensitive to the various fault types of rolling bearing, resulting in the lower classification accuracy. Therefore, a new approach is needed to address the shortcomings of RA.
Nowadays, increasing attention has been aroused in applying Vold-Kalman filtering (VKF) for fault diagnosis.
The filtered vibration signal through VKF is time-domain signal. VKF is a typical example waveform reconstruction order traction technology [18] , [26] , [27] . Different from many classical angular resampling methods, VKF can extract specific components from original vibrations in time domain. This property of VKF can help avoid errors caused by resampling. Benefit from this advantage, VKF is employed to extract the interesting orders (related to the fault-induced information). Therefore, the fault-unrelated frequency components can be removed, while the failure relevant features can be enhanced significantly, which is beneficial to fault diagnostics of bearing.
The advantages of VKF in tracking harmonic responses have been recognized in many applications [15] , [26] , [28] . Blough [29] showed that the key advantage of VKF lied in no slew rate limitations. Pan and Wu [30] introduced an adaptive VKF to improve the computational efficiency. Wang and Heyns [31] proposed a combination of COT and VKF called (VKF-COT) for the fault diagnosis of rotating electrical machinery. Feng et al. [15] combined VKF with higher order energy separation for fault diagnosis of wind turbine planetary gearboxes. Feng et al. [16] developed a study on vibration of rotating machine using VKF order tracking (VKF-OT). The simulation and experiment validate the effectiveness for the fault diagnosis.
Based on the advantages of VKF in the order tracking performance, VKF is first applied to remove fault irrelevant frequency components and provide a clear representation of fault symptoms. After the preprocessing using VKF, we need to find the suitable features to extract the fault information from the denoised vibration signal. Entropy is a powerful and effective tool to extract fault features, which has been successfully applied in the fault diagnosis of rolling bearing under variable speed conditions in [16] . In this paper, a novel fault feature extraction method called refined composite multiscale fuzzy entropy (RCMFE) is proposed to extract the hidden fault features from the denoised vibration signals. Compared with original MFE method, RCMFE has advantage of stability and consistency in the short time series analysis [32] . After that, the Laplacian score (LS) for feature selection is utilized to reduce the dimension of features and improve the efficiency of fault diagnosis [33] . Finally, the extracted features are taken as input into logistic regression (LR) to recognize the localized defect on inner race, outer race, and rolling element. LR has the advantages of simplicity and high computation efficiency [34] , [35] . The advantage of this combined method in the fault feature extraction is validated using experimental signals by comparing with existing method.
The organization of the rest of this paper is as follows: Section 2 describes the fundamentals of VKF method. Section 3 gives the detailed steps of the RCMFE method. Section 4 shows the LS method. Section 5 illustrates the procedures of this combined method based on VKF and RCMFE. Section 6 discusses experimental results for this combined method. Finally, conclusions are drawn in Section 7.
II. VOLD-KALMAN FILTER A. DESCRIPTION OF VOLD-KALMAN FILTER
Since the frequency of the measured non-stationary vibration signal of rolling bearings varies with the rotating speed, the traditional denoising methods are ineffective to analyze the highly complex signals under non-stationary conditions due to its time-variant magnitudes and characteristic frequencies [18] . VKF technology can extract the vibration component free of the time-varying rotating speed, which can overcome the shortage of traditional frequency analysis [31] . VKF provides three main advantages. First, VKF works directly in the time domain with no phase bias [28] . Second, it allows an accurate tracking of harmonic orders [36] . Third, its tracking performance is independent of running speed [28] .
Among the order tracking techniques, two methods are widely used: angular resampling and VKF. Compared with angular resampling, the merit of VKF technique is that the time-domain signal corresponding to a specific order/component can be extracted from the raw data together with its amplitude and phase [27] , [37] , without angular resampling. Theoretically, VKF relies on two basic equations: data equation and structural equation. The two equations guarantee that the unknown phase assigned tracking orders are smooth and the sum of the orders should approximate the total measured signal through definition of the local constraints. More detailed description on the function of the data and structural formula can refer to [19] and [37] . With the two fundamental equations, VKF can extract and track the intended orders/components and acquire their corresponding time waveform without involving angular resampling.
Main steps of application of VKF can be mainly described as follows:
(1) Select the orders related to the fault information with explicit physical meanings;
(2) Take each of the selected orders as the target tracking component and conduct the VKF operation [28] to separate each of them from the original signal; (3) Conduct the reconstruction to obtain the denoised signal, and this will be utilized in the fault feature extraction.
With the help of VKF, fault characteristic orders (related to the fault-induced information) could be extracted or separated from original vibrations in time domain. As a result, the fault unrelated frequency components can be removed, and the feature extraction performance can be enhanced greatly.
B. THE TRACKING ORDER SELECTION OF VOLD-KALMAN FILTER
In order to select the target tracking orders of VKF, we propose a hybrid method by combination of VKF and computed order tracking (COT). COT is widely used to analyze the signal under non-stationery condition owing to its simplicity and practicability [18] , [26] , [31] . It can exclude the frequency modulation induced by speed variation, and the transient vibration can be represented in term of the orders [26] . With the help of COT, the target tracking orders for VKF can be observed and determined. The detailed procedures are as follows:
Step 1: Apply COT to figure out the order content of the vibration signal under healthy and faulty conditions. By this way, the composition of measured vibration in term of orders can be identified;
Step 2: Pick the orders with clear physical meanings;
Step 3: Observe and analyze the differences of the orders between the faulty and healthy condition;
Step 4: Select the orders as the tracking orders for VKF. The orders must satisfy two conditions: (1) very different in faulty and healthy conditions; (2) with physical meanings, structure information or failure information;
Step 5: Feed every selected order into VKF and then reconstruct the filtered signals into one denoised signal.
The flowchart of the tracking order selection method is described in Fig.1 . Based on the selected tracking orders, failure-unrelated components can be removed effectively and the fault diagnosis performance of VKF can be enhanced.
It should be noted that the proportional-to-RPM bandwidth is applied in this paper, and the choice of the bandwidth of VKF is determined according to [28] .
III. REFINED COMPOSITE MULTI-SCALE FUZZY ENTROPY A. FUZZY ENTROPY (FUZZYEN)
Fuzzy entropy is considered as the improvement of sample entropy (SampEn). Given a time series {X i } = {x 1 , x 2 , · · · , x N }, the procedures of FuzzyEn are given as follows [38] : VOLUME 6, 2018 (1) For given m, r, n, the time series are constructed as:
where X m i is a new time series, x 0 (i) is represents m consecutive x(i) mean values. 
(4) Define the function ϕ m (n, r) as:
(5) Repeat the above steps (1)- (4) for m + 1, the function ϕ m (n, r) is got as:
When N is finite,FuzzyEn(m, n, r) can be described as:
where r = (0.1 0.25) * std,std is the standard deviation of the original series.
B. MULTI-SCALE FUZZY ENTROPY (MFE)
Based on the definition of FuzzyEn, two steps are required in the MFE method as follows [39] :
(1) Given the original time series {X i } = {x 1 , x 2 , · · · , x N }, for the embedding dimension m and similar tolerance r, the coarse-grained time series vector {y τ } can be constructed as:
where τ = 1, 2, · · · , N is the scale factor. Especially, when τ = 1, the coarse-grained time series is the original time series.
(2) Calculate FuzzyEn of each coarse-grained time series with the same r and describe FuzzyEn as a function of scale factor τ . The procedure is called multi-scale Fuzzy entropy (MFE).
However, there are some problems in MFE method. The coarse-graining procedure in multi-scale analysis shortens the length of the time series at large scale factor. This may yield the inaccurate estimation of entropy and loss of statistical reliability as the scale factor increases [9] , [32] , [40] . MFE, the refined composite multiscale fuzzy entropy (RCMFE) is proposed in this paper. RCMFE considers all the coarse-grained time series in the same scale, which can enhance the stability of MFE significantly.
C. REFINED COMPOSITE MULTI-SCALE FUZZY ENTROPY (RCMFE)
Three steps are required in the RCMFE method as follows:
(1) For the time series
is expressed as:
, which represents the average value of all τ ϕ m τ,e (r)and τ ϕ m+1 τ,e (r) of each coarsegrained time series y
The definition of RCMFE can be expressed as follows:
The difference between MFE and RCMFE is that: in MFE algorithm, the FuzzyEn of the first coarse-grained vector is calculated, while in RCMFE algorithm, the FuzzyEns of each coarse-grained vector of are considered. Through averaging operation in step (2), the obtained result is more reliable comparing with MFE. To illustrate the difference between the MFE and RCMFE, Fig. 2 shows the flowchart of MFE and RCMFE. We can find from Fig. 2 that compared with traditional MFE method, RCMFE contains the averaging process for a given scale factor. Therefore, the variance of SDE values can be reduced effectively.
D. THE PARAMETER SELECTION OF RCMFE
Four parameters are needed to be determined in RCMFE method, including the embedding dimension m, similarity tolerance r, scale factor τ and the gradient of the exponential function n. In this paper, the four parameters of RCMFE are set following [38] in which the parameters are selected based on empirical experience and also the experimental tests. First, the embedding dimension m is related to the time series reconstruction and unsuitable m may lead to the loss of fault information. Here, we set embedding dimension m = 2. Second, the similarity tolerance r is set between (0.1−0.25) * SD (SD is standard deviation of time series). Here, we set the similarity tolerance r = 0.15 * SD. Third, the scale factor τ will affect the fault information extraction. Here, we set τ max = 20. Finally, the n determines the boundary gradient of the exponential function. Here, we set n = 2.
E. VALIDATION USING SYNTHETIC SIGNAL
White Gaussian noise (WGN) and 1/f noise are the two widely applied signals to quantify the performance of entropy for time series analysis [9] , [32] , [40] . The number of data points for WGN and 1/f noise are 2048. The time domain waveforms of WGN and 1/f noise are shown in Fig. 2(a) and Fig. 2 (b) , respectively. Their corresponding FFT spectrums are shown in Fig. 2(c) and Fig. 2(d) , respectively.
In order to verify the effectiveness of proposed RCMFE method, the RCMFE and MFE methods are all utilized to analyze the WGN and 1/f noises over 20 scales. Fig. 3 illustrates the curves of MFE, and RCMFE analysis of WGN and 1/f noise, along with their corresponding standard deviations by averaging 100 independent realizations. As seen from Fig. 3 , two conclusions can be drawn as follows. First, the proposed RCMFE curve analyzing WGN and 1/f noise are more smooth and steady than those using MFE. This suggests that the proposed RCMFE method can ameliorate the fluctuation of MFE, which can provide a more accurate and stable complexity estimation for time series. Second, the RCMFE curve has the smaller error bars compared with MFE, especially for the larger scale factors.
IV. FEATURE SELECTION USING LAPLACIAN SCORE ALGORITHM
Extracted features with high dimension can make the classification accuracy decreasing and time-consuming. To enhance the performance of identification, LS as feature ranking method is applied to refine the obtained feature vectors according to their importance and correlation with the main information. The LS algorithm can be described as follows: Suppose m data samples and each sample has n features. Let L r represents the Laplacian Score of the r-th (r = 1, . . . , n) element in the feature. f ri represents the i-th sample of the r-th feature (i = 1, 2, . . . , m). The main calculation procedures of LS algorithm can be written as follows [33] .
(1) Construct a nearest neighbor graph G with m nodes. The i-th node corresponds to i-th data point x i . We put an edge between nodes i and j, if x i and x j are close, it can be defined as x i is among k nearest neighbors of x j , or x j is among k nearest neighbors of x i . Generally, k is set as 5. When the label information is available, one can put an edge between two nodes sharing the same label. 
where t is a suitable constant. (SI ) and L = D − S for the r-th feature. I is the unit vector with dimension m and the matrix L is called Laplacian matrix of the graph G. To avoid the construction of complete neighbor graph and influence from the large difference of the data in some dimension, we conduce the average processing to the various features, viz.
(3) The Laplacian Score of the r-th feature can be expressed as follows:
where Var(f r ) is the estimated variance of the r-th feature value.
It should be noted that the bigger S ij value indicates the smaller Laplacian Score value, which is the characteristic of good feature. Namely, the lower the score is, the more important the feature is. Therefore, LS for feature selection is used to select a number of features with the lowest L r values. With the help of LS, features with important information can be selected to construct the new feature, and then fed as input to the LR classifier.
V. THE PROPOSED FAULT DIAGNOSIS METHOD
Based on the superiorities of VKF, RCMFE, LS and LR, a fault diagnosis approach of rolling bearing is presented in this paper. It can be summarized as follows:
(1) The measured vibration signals are preprocessed by VFK, thereby, the noise is weakened, and the characteristics are highlighted;
(2) RCMFE is applied to extract the fault features over 20 scales; (3) LS is employed to rank the features according to the score from low to high. Choose the first five factors with least LS values to construct the new fault feature vector; (4) The obtained new fault features are fed into fault classifier LR to identify the different health conditions.
The flowchart of the proposed fault diagnosis approach is illustrated in Fig. 5 .We can find that this is a two-stage learning method. In the first stage, the VKF-RCMFE is applied to extract the fault features from the bearing vibration signals. In the second stage, LR is applied to recognize the various health conditions of rolling bearings based on the obtained fault features. 
VI. EXPERIMENTAL VALIDATION A. EXPERIMENTAL SETTINGS
To verify the effectiveness of the proposed method for rolling bearing fault diagnosis, the experiment is carried out on a SpectraQuest Machinery Fault Simulator at the Northwestern Polytechnical University of China. The experimental set-up arrangement is shown in Fig. 6 . The bearing specification is MB ER-12K. Four groups of tests are designed: baseline, inner race fault (IRF), outer race fault (ORF) and ball fault (BF). The left bearing (5 in Fig. 6 ) operates by a healthy bearing all the time, and the right bearing (9 in Fig. 6 ) is replaced by healthy bearing, IRF bearing, ORF bearing and BF bearing, respectively.
Four accelerometers (sensitivity of 100mV/g) are installed horizontally and vertically on two test bearing pedestals (4 and 10 in Fig. 6 ) to collect the vibration signal. A tachometer (11 in Fig. 6 ) is mounted vertically on the motor for recording the rotation speed. In this experiment, the signal from the right vertical accelerometer is adopted for analysis. The sampling frequency is 12800Hz. The accelerometer and tachometer record the data synchronously. The data is captured under linear acceleration from 900 RPM to 3000 RPM within 12 seconds. The main parameters in this experiment are shown in Table. 1. Given the time-varying frequency of the shaft rotation speed, the characteristics orders of rolling bearing, and its pseudo natural frequency order is listed in Table. 2. The experimental vibration signals are composed of three fault conditions and healthy condition. Actually, the experimental analysis becomes a four-class recognition problem. Each health condition has 50 samples, and there are total 200 samples, out of which 80 samples will be randomly selected to train the LR classifier, and the residual 120 samples are used for testing. The detailed numbers of samples description for each health condition are shown in Table. 3. 
B. VALIDATION OF PROPOSED METHOD
The time domain waveforms and the corresponding order spectra of rolling bearing vibration signals with four different health conditions are illustrated in Fig. 7 and Fig. 8 , respectively. It is difficult to recognize different fault types of rolling bearing under different health conditions according to the time domain or the order spectra alone. The bearing operates under variable speed condition will cause complicated dynamic responses, resulting in the spectral complexity of the measured vibration signals [18] .
To extract the fault information, this method is applied to analyze the vibration signals of the rolling bearing under non-stationary condition. The VKF is employed to preprocess the vibration signal. According to the order selection method in Section 2.2, we conduct the COT to the vibration signal under different health conditions and the obtained results are illustrated in Fig. 8. From Fig. 8 , we can observe that the amplitudes of orders: rotating frequency order O r ,3O r and pseudo frequency order O n are varied from each other. Furthermore, the orders have clear physical meanings for fault diagnosis. Therefore, the characteristic orders O r , 3O r , O n are selected as the tracking orders for further analysis.
It should be noted that it is difficult to identify the fault type via the frequency spectrum directly using the characteristic orders. Because bearing vibration signals have both amplitude modulation (AM) and frequency modulation (FM) features [4] . The obtained frequency spectrum has complex spectral characteristics (such as intricate sideband around the natural frequency). One has to find the fault frequency through computing the sideband spacing. This will cause the difficulty in identification of bearing fault types via the traditional frequency spectrum. After that, VKF is applied to separate the useful information from the original signal under the time-varying speed condition. The filtering results are shown in Figs. 9-12 , respectively.
From the above figures, it can be observed that the three important frequencies related to fault information are presented in the corresponding order spectrum. Compared with original order spectrums in Fig. 8 , we find that the noises in the reconstructed signal has been removed, which can help to improve the performance of fault diagnosis.
Second, the RCMFE features are employed to extract the fault features from the denoised signal. Fig. 12 illustrates the obtained VKF-RCMFE results for each of the four damage types. From Fig. 12 , we can find that RCMFE curves of different health conditions can be obviously distinguished at most scales. Meanwhile, the bearing under normal condition has the larger fuzzy value. This phenomenon demonstrates that the signal collected from a normal bearing has larger irregularity than that from a damaged bearing, which is consistent with the conclusion in [38] .
Third, LS is applied to rank feature according to their distinguish ability. According to the procedures described in Section 5, the new order of obtained features is as follows:
Note that the subscript of LS is the scale factor of RCMFE. Then, we select the first four sensitive features (τ = 6, 9, 8, 2) to construct the new feature vectors and adopt as the input of the multi-classifier LR for pattern reorganization. The actual and ideal outputs of training and testing samples using the proposed VKF-RCMFE are illustrated in Fig. 14 , which includes the LR outputs and the desired outputs about the training and testing samples. As can be seen, there are no training and testing samples misclassified.
To validate the superiority of the VKF, RCMFE is directly utilized to extract the fault features for comparison. The obtained result of directly application of RCMFE is given in Fig. 15 . It can be found that the RCMFE curves of rolling bearings of different conditions are mixed together at the most scales. Then, the obtained features are selected using LS and taken as inputs of the LR for pattern identification. Fig. 16 shows the classification results. We can observe that six IRF testing samples are misclassified into BF, two ORF testing samples are misclassified into Normal, and five IRF testing samples are misclassified into ORF. The final classification accuracy is 89.17%. The comparison results reinforce the superiority of VKF in the noise elimination.
An explanation may be that the VKF can extract the fault related components in the time domain effectively. The obtained filtering result can reserve the fault information and remove the noises, which improves the fault feature extraction performance, resulting in higher classification accuracy.
To reduce the impact of randomness on the results, 20 runs are conducted using different initial training samples. To demonstrate the effectiveness of this method, RA and RCMFE (RA-RCMFE) [25] , and VKF using MFE (VKF-MFE) and proposed method are employed to conduct the multi-class identifications. The obtained classification accuracies are shown in Fig. 17 and Table. 4. We can observe that the proposed method achieves much higher classification accuracy (100%) than RA-RCMFE [25] with accuracy (73.5-50.5%) and VKF-MFE with accuracy (94.17-87.5%). Meanwhile, the calculation efficiency of the proposed VKF-RCMFE, RA-RCMFE and VKF-MFE are considered using CPU time and memory. Seen from Table. 4, we can find that VKF-RCMFE takes more time than RA-RCMFE and VKF-MFE methods. Therefore, the proposed method improves the ability of the feature extraction at cost of time consuming.
From the analysis results, three conclusions can be obtained from the comparison results. First, the proposed method has the highest classification accuracy, which reinforces the superiority of the proposed method in the fault characteristics extraction. The proposed method is exactly suitable and effective in recognizing different fault types of rolling bearing. Second, VKF can reserve the fault information and remove the noises, which can help to improve the fault features extraction performance. However, the frequency components have no change in the vibration signal using RA method, resulting in lower classification accuracy. Third, VKF-RCMFE has higher classification accuracy comprising with VKF-MFE, which validates the superiority of RCMFE in the fault feature extraction.
To validate the superiority of LR in the classification performance, a comparative study using six classifiers are performed, including k-Nearest Neighbor (KNN), VOLUME 6, 2018 Table. 5. First, we can find the proposed VKF-RCMFE combined with LR method obtains the highest classification accuracy 100% among all the combination methods. This validates the superiority of the proposed VKF-RCMFE method in the fault feature extraction ability. In order to show the effectiveness of LS method, without loss of generality, the first two elements of the new features are plotted in Fig. 18 . For comparison, the first and second elements of the initial feature are plotted in Fig. 19 . We can observe form Fig. 18 that all the samples are distributed around the class center and the samples of the four classes are discriminated clearly. In Fig. 19 , we can find that some samples are scattered from its class center and the features with four health conditions are distributed confusedly with each other.
VII. CONCLUSIONS
VKF as an effective analysis method for vibration signal under non-stationary condition has been discussed in this paper. VKF is demonstrated to be effective in separating the fault-induced impulses in a time-varying speed condition, which helps to improve the feature extraction capability. The combination of VKF and RCMFE is tested with experimental vibration signals. Results show that three different fault types of rolling bearing can be successfully identified, including IRF, BF and ORF. The major contributions of this paper are summarized as follows:
(1) VKF can remove the fault independent frequency components and give a clear representation of fault symptoms;
(2) RCMFE can overcome the problems of MFE, which can enhance the fault feature extraction ability; (3) Experimental signals validate that this method has a better classification ability comparing with the RA-RCMFE and VKF-MFE methods.
In this preliminary study, the proposed method has demonstrated its ability in bearing diagnostics under speed fluctuation condition. Because the speed range is narrow, this guarantees the pseudo natural frequency order can be observed. In the real industrial applications, the speed fluctuation is large, thereby, further test under considerable speed range will be considered in our future work. 
